Widespread characterization of the genomic landscape of tumors has enabled precision treatment strategies.
INTRODUCTION
Targeted therapies inhibit specific molecular pathways responsible for tumor development 1 . Prolonged survival is observed in a subset of patients intrinsically responsive to the targeted, however the treatment it is not curative. Most patients will acquire resistance to the therapy and relapse within one to two years of initial treatment 2 . Prevailing evidence suggests that resistance results from recruitment of alternative pathways 3 .
Mechanisms leading to acquired resistance vary within the same tumor type and are currently not well characterized.
Inhibitors against Epidermal Growth Factor Receptor (EGFR) represent a common class of targeted therapeutics. Cetuximab monoclonal antibody against EGFR is FDA approved for the treatment of metastatic CRC and HNSCC 4 . As with other targeted therapies, stable response is not observed for a long period and virtually all patients invariably develop acquired resistance 5 . Characterization of the dynamics of genomic alterations induced during acquired cetuximab resistance could identify targetable oncogenic drivers. However, repeated biopsies at regular time intervals throughout treatment are invasive, expensive, and impractical for patients. Therefore, development of informative model systems of the acquisition of resistance is extremely important.
Recent advances in in vitro models of acquired cetuximab resistance 6 provide a unique opportunity to study the time course of genetic events resulting in acquired resistance. Cell lines chronically exposed to the targeted agent develop resistance and can be sequentially collected during the course of treatment to evaluate the progressive molecular changes. Previous studies to assess the mechanisms of acquired cetuximab resistance have been limited to comparing the genomic profile of the parental sensitive cell line to stable clones with acquired resistance [6] [7] [8] . Therefore, these studies are blind to the evolution of acquired molecular alterations in therapeutic resistance. Time course bioinformatics analysis across multiple modalities is essential to determine the functional drivers of acquired therapeutic resistance.
A major roadblock to time course analysis has been obtaining enough cells for multi-omics molecular profiling as cells acquire therapeutic resistance. Here, we present a sampling protocol to follow molecular progression using multiple high throughput assays while resistant phenotype develops. Since DNA methylation was previously associated with acquired cetuximab resistance in vitro and in vivo 9 , we applied this novel time course analysis to identify the epigenetic regulation of gene expression in acquired cetuximab resistance. We demonstrate that the Bayesian non-negative matrix factorization algorithm CoGAPS 10 infers specific patterns of gene expression and DNA methylation that develop according to the gradual establishment of the acquired cetuximab resistance. Integrated bioinformatics analysis identified FGFR1 epigenetic expression regulation as the most relevant alteration during acquired cetuximab resistance development and in HNSCC tumors. Both experimental and bioinformatics methods developed here are applicable to other molecular platforms, therapeutics, and cancer subtypes.
peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/136564 doi: bioRxiv preprint first posted online May. 10, 2017;
MATERIAL AND METHODS

Time course establishment of cetuximab resistant SCC25 clones
HNSCC sensitive cell line, SCC25 (purchased from ATCC), was treated with 100nM cetuximab every three days for 11 weeks (generations C1 to C11). On the eighth day, cells were collected: 60,000 cells were replated for another week of treatment with cetuximab; the remaining cells were separately collected for: (1) RNA and DNA isolation, (2) proliferation assay and (3) storage for future use. This cycle was repeated for a total of 11 weeks. In parallel with the cetuximab treated cells, we generated controls that received the same correspondent volume of PBS (phosphate buffered saline). Cells were plated in several replicates each at an initial density selected to reach ~70% confluence at the end of each generation. The replicates were then collected and pooled to provide enough cells for genetic, epigenetic and proliferation assays ( Figure 1A) . To achieve the same final cell confluence and adequate number of cells for the experimental analysis of each generation, cetuximab and PBS treated cells were plated in different flask sizes. Cells treated with cetuximab were plated in multiple T75 (75cm2) flasks (60,000 cells/flask) that were combined by the eighth day. PBS treated cells were plated in a single T175 (175cm 2 ) flask (60,000 cells). This design was selected considering the growth inhibition of the earliest cetuximab generations and to control confluency of the PBS controls at the collection time.
Response to cetuximab was measured by cell proliferation using the Click-iT Plus EdU Flow Cytometry Assay
Kit with Alexa Fluor 488 picolyl azide (Life Technologies, Carlsbad, CA) according to manufacturer's instructions. The induced resistance to cetuximab was verified by the ability of a late resistant generation (C10)
to form colonies in Matrigel (BD Biosciences, Franklin Lakes, NJ) in comparison to the parental SCC25 (C0), both were treated with different concentrations of cetuximab: 0nM, 10nM, 100nM and 1000nM. The colony formation assay was performed as described previously 11 .
SCC25 was authenticated using short tandem repeat (STR) analysis kit PowerPlex16HS (Promega, Madison, WI).
Stable SCC25 resistant single clones (CTXR clones)
Induced cetuximab resistance, single cell isolation from SCC25, gene expression and DNA methylation measurements were performed as previously described 12 .
The current analysis included the 11 clones with substantial survival advantage compared to the parental SCC25 as reported in Cheng et al. 12 , excluding CTXR6. This design enabled genomics profiling of the resistant clones and the parental SCC25 cell line in a single DNA methylation microarray chip, thereby reducing the interference of technical artifacts between DNA methylation array batches.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/136564 doi: bioRxiv preprint first posted online May. 10, 2017; Proliferation assay was performed to confirm cetuximab resistance in the single cell clones. SCC25 and resistant cell lines (CTXR4, 7, 10 and 11) were counted with trypan blue staining using a TC20 Automated Cell Counter (Bio-Rad, Hercules, CA). A total of 1000 cells in 100ul final volume were seeded in 96-well plates in quadruplicate. PBS or cetuximab (10nM, 100nM or 1000nM) was added after 24 hours. Fresh media with PBS or cetuximab was added after 72 hours and cells were maintained in culture for 7 days. AlamarBlue reagent (Invitrogen, Carlsbad, CA) at a 10% final concentration was incubated for 2 hours and fluorescence was measured according to the manufacturer's recommendations (545nm excitation, 590nm emission).
Proliferation rate was determined by comparing PBS treatment to Cetuximab treatment.
RNA-sequencing sample preparation and data normalization
RNA isolation and sequencing were performed for the parental SCC25 (C0) and each of the cetuximab and PBS generations (C1 to C11) and the cetuximab resistant clones at the Johns Hopkins Medical Institutions (JHMI) Deep Sequencing & Microarray Core Facility. RNA-sequencing was also performed for two additional technical replicates of parental SCC25 to distinguish technical variability in the cell line from acquired resistance mechanisms. Total RNA was isolated from a total of 1x10 6 cells using the AllPrep DNA/RNA Mini Kit (Qiagen, Hilden, Germany) following manufacturer's instructions. The RNA concentration was determined by the spectrophotometer Nanodrop (Thermo Fisher Scientific, Waltham, MA) and quality was assessed using the 2100 Bioanalyzer (Agilent, Santa Clara, CA) system. An RNA Integrity Number (RIN) of 7.0 was considered as the minimum to be used in the subsequent steps for RNAseq. Library preparation was performed using the TrueSeq Stranded Total RNAseq Poly A1 Gold Kit (Illumina, San Diego, CA), according to manufacturer's recommendations, followed by mRNA enrichment using poly(A) enrichment for ribosomal RNA (rRNA)
removal. Sequencing was performed using the HiSeq platform (Illumina) for 2X100bp sequencing. Reads were aligned to hg19 with MapSplice 13 and gene expression counts were quantified with RSEM 14 . Gene counts were upper-quartile normalized and log transformed for analysis following the RSEM v2 pipeline used to normalize TCGA RNA-seq data 15 . All RNA-seq data from this study is available from GEO (ID pending) as part of SuperSeries.
DNA methylation hybridization array and normalization
Genome wide DNA methylation analysis was performed on the same samples as RNA-sequencing using the Infinium HumanMethylation450 BeadChip platform (Illumina) at the JHMI Sidney Kimmel Cancer Center Microarray Core Facility. Briefly, DNA quality was assessed using the PicoGreen DNA Kit (Life Technologies) and 400ng of genomic DNA was bisulfite converted using the EZ DNA Methylation Kit (Zymo Research, Irvine, CA) following manufacturer's recommendations. A total volume of 4uL of bisulfite-converted DNA was denatured, neutralized, amplified and fragmented according to the manufacturer's instructions. Finally, 12uL of each sample were hybridized to the array chip followed by primer-extension and staining steps. Chips were image-processed in the Illumina's iScan system. Data from the resulting iDat files were normalized with funnorm implemented in the R/Bioconductor package minfi (version 1.16.1) 16 . Methylation status of each CpG peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
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Annotations of the 450K probes to the human genome (hg19) were obtained from the R/Bioconductor package FDb.InfiniumMethylation.hg19 (version 2.2.0). Probes on sex chromosomes or annotated to SNPs were filtered from analysis. The CpG island probe located closest to the transcription start site was selected for each gene.
Genes with CpG island probes less than 200bp of the transcription start site were retained to limit analysis to CpG island promoter probes for each gene. Probes are said to be unmethylated for < 0.1 and methylated for > 0.3 based upon thresholds defined in TCGA analyses 15 . All DNA methylation data from this study is available from GEO (ID pending) as part of SuperSeries.
Hierarchical clustering and CoGAPS analysis
Unless otherwise specified, all genomics analyses were performed in R and code for these analyses is available from https://sourceforge.net/projects/scc25timecourse.
The following filtering criterion for genes from the profiling of the time course data from generations of cetuximab treated cells was used. Genes from RNA-seq data were selected if they had log fold change greater than 1 between any two time points of the same condition and less than 2 between the replicate control samples at time zero (5,940 genes). CpG island promoter probes for each gene were retained if the gene switched from unmethylated ( < 0.1) to methylated ( > 0.3) in any two samples of the time course (1,087 genes). We used the union of the sets of genes retained from these filtering criteria on either data platform for analysis, leaving a total of 6,445 genes in RNA-seq and 4,703 in DNA methylation.
Hierarchical clustering analysis was performed with Pearson correlation dissimilarities between genes and
samples on all retained genes. CoGAPS analysis was performed on both log transformed RNA-seq data and DNA methylation b values, independently using the R/Bioconductor package CoGAPS 17 (version 2.9.2).
CoGAPS decomposed the data according to the model
where N represents a univariate normal distribution, matrices A and P are learned from the data for a specified number of dimensions p , Σ i, j is an estimate of the standard deviation of each row and column of the data matrix D , and i represents each gene and j each sample. In this decomposition, each row of the pattern matrix P quantifies the relative association of each sample with a continuous vector of relative gene peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
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CoGAPS was run for a range of 2 to 10 dimensions p for expression and 2 to 5 for DNA methylation.
Robustness analysis with ClutrFree 18 determined that the optimal number of dimensions p for expression was 5. DNA methylation is run in 4 parallel sets using GWCoGAPS 10 . In DNA methylation, the maximum number of patterns that modeled resistance mechanisms over and above technical variation in replicate samples of SCC25 was three. Gene sets representative of the meta-pathway were derived for each pattern using the PatternMarkers statistics 10 . Gene set activity was estimated with the gene set statistic implemented in calcCoGAPSStat of the CoGAPS R/Bioconductor package 17 . Comparisons between DNA methylation and gene expression values in the data or from CoGAPS were computed with Pearson correlation.
We compared the DNA methylation data from the time course to data from stable cetuximab resistant SCC25
clones generated previously 12 . To compare epigenetic profiles, CoGAPS was also run on their combined DNA methylation data. In this case, CoGAPS was run only for only the 1,087 genes that switch methylation status.
This analysis was run for 2 to 10 dimensions which w assessed as described above.
Cetuximab resistance signatures and EGFR network
Previously, CoGAPS learned a meta-pathway from gene expression data corresponding to overexpression of the HRAS Val12D in the HaCaT model of HPV-HNSCC premalignancy. The gene expression values from this meta-pathway associated with acquired cetuximab resistance in the HNSCC cell line UMSCC1 in that previous study 19 . In the current study, we applied the PatternMarkers statistics 10 
Sources and analysis of human tumor genomics data
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Analysis was also performed on gene expression data measured with Illumina HumanHT-12 WG-DASL V4.0 R2 expression beadchip arrays on samples from patients treated with cetuximab from Bossi et al 23 , using expression normalization and progression free survival groups as described in the study. Data was obtained from the GEO GSE65021 series matrix file. We performed t-tests in R on the probe that had the highest standard deviation of expression values for each gene.
RESULTS
Prolonged exposure to cetuximab induces resistance with enhanced proliferation and growth advantage
In order to evaluate the time course progression of genetic and epigenetic changes during the development of acquired cetuximab resistance, we propose a new experimental approach to collect transcriptional, epigenetic, and proliferation data as cells acquire resistance to cetuximab ( Figure 1A) . We apply this approach to the de novo cetuximab sensitive HNSCC cell line SCC25 and refer to each point of profiling as a generation (C1 to C11). Cell proliferation analysis (EdU incorporation and flow cytometry) reveals marked differences in proliferative rates across generations in the controls vs. the cetuximab treated cells (Figure 1B) . Proliferation of the SCC25 controls (PBS generations) is stable through the generations (C1 to C11). Conversely, proliferation of the cetuximab generations progressively increases over each generation. Relative to controls, the growth dynamics of the treated cells is initially inhibited (C1) until generation C3. Starting at C4, the cells become stably resistant to the anti-proliferative effects of cetuximab and gain stable growth advantages absent in the controls. The absence of changes in the proliferation frequency of the PBS generations is an indication that proliferation advantages arise from chronic cetuximab treatment rather than a long period of cell culturing.
Anchorage-independent growth of C0 (parental) and C10 cetuximab treated cells further confirms that generation C10 presents significantly (p<0.05) higher ability to grow in a semi-solid medium than C0, demonstrating that prolonged cetuximab treatment in vitro results in resistance to EGFR blockade enhancing anchorage-independent growth.
peer
Treatment vs. control dominates gene expression clusters
To determine the functional genomics changes occurring as cells acquire cetuximab resistance we performed RNA-seq analysis of SCC25 cells from each generation. Hierarchical clustering of these RNA-seq data for genes in known resistance signatures for EGFR inhibitors (cetuximab and gefitinib) 19, 21 in different cell models (HNSCC and NSCLC) successfully separates treatment and control samples (Figures 2A and 2B , shown for all genes in Supplemental Figure 1) . Nevertheless, none of these signatures are of sufficient resolution to distinguish between treatment effects as the resistance develops at cetuximab generation C4. This inability of known signatures to distinguish the timing of acquired resistance in generations of cells is not surprising given that all of these signatures are defined in single time point case-control paradigms. Recent work to increase accuracy in drug-response metrics illustrate the confounding effects of variability in cell growth/division rates and/or delayed treatment effects 24, 25 . Therefore, robust time-course bioinformatics algorithms to accurately determine the timing of the molecular changes from these assays can remediate these known limitations. The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/136564 doi: bioRxiv preprint first posted online May. 10, 2017; genes defined from case-control experimental designs of acquired resistance provide a mixture of genes associated with early response to cetuximab and genes associated with acquired resistance. Thus, the gene expression signature in CoGAPS patterns from the time course are specific to the transcriptional changes associated with acquired therapeutic resistance.
CoGAPS analysis of gene expression defines patterns of acquired resistance
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Changes in DNA methylation occur concomitantly with gene expression changes associated with resistance to cetuximab, but not gene expression changes that occur as an immediate response to treatment
To determine the timing of the methylation changes associated with acquired resistance, we also measured DNA methylation in each cetuximab generation of SCC25 cells and PBS controls (Figure 3A) . Application of peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/136564 doi: bioRxiv preprint first posted online May. 10, 2017; the CoGAPS matrix factorization algorithm to the methylation data reveals a total of 3 patterns (Figures 3B and C): (1) gradual increase of DNA methylation in controls, (2) rapid demethylation in cetuximab treated generations starting at C4, and (3) rapid increase in DNA methylation in cetuximab treated generations starting at C4. In contrast to the gene expression data, there is no immediate shift in DNA methylation resulting from cetuximab treatment. All together, CoGAPS methylation patterns demonstrate that demethylation of genes occurs gradually across the generations, evident at low levels in early generations and is suggestive of clonal outgrowth ( Figure 3B and C, Pattern 2) .
Comparing the CoGAPS patterns from gene expression and DNA methylation reveals strong anti-correlation between gene expression and DNA methylation in resistant patterns (Figures 4A and 4B) . The temporal resolution of this relationship is remarkably precise and recapitulates the phenotypic changes captured in the growth curves (Figures 1B and 4C) . In spite of this correlation, we observe that the gene expression changes associated with acquired resistance occur more gradually over all generations of cetuximab resistance. In contrast, the DNA methylation is consistent with cetuximab treatment and control PBS in patterns 2 and 3 during early generations. Additionally, rapid accumulation in DNA methylation changes starting after generations C4 and C5 (Figures 3 and 4, Patterns 2 and 3) , concurrent with the start of the observed growth advantage over the PBS control. These dynamics suggests that DNA methylation changes have an important role in stabilizing the gene expression signatures crucial to acquired cetuximab resistance.
The gene signatures from the anti-correlated DNA methylation and gene expression CoGAPS patterns have low correlation (Supplemental Figure 3) . We hypothesize that the timing differences between DNA peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/136564 doi: bioRxiv preprint first posted online May. 10, 2017; methylation and gene expression render the CoGAPS gene signatures from each data modality insufficient to indicate regulation of expression by DNA methylation. To ascertain potential drivers of the stable cetuximab resistant phenotype induced by DNA methylation, we defined genes that are PatternMarkers 10 of the DNA methylation patterns associated with stable acquired cetuximab resistance (methylation patterns 2 and 3). We then correlated the gene expression profiles of each of these PatternMarkers genes to the DNA methylation values ( Figure 4D ).
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/136564 doi: bioRxiv preprint first posted online May. 10, 2017; Increased FGFR1 expression is associated with cetuximab related down-regulation of EGFR To evaluate heterogeneity within the pooled cell lines in the time course experiment, we measured DNA methylation and gene expression on a panel of eleven isogenic stable cetuximab resistant clones derived from SCC25 previously 12 . Briefly, SCC25 was continuously treated with cetuximab until resistance developed, and then single cell clones were isolated and profiled in the absence of cetuximab treatment. Despite being derived from SCC25, the single cell clones and time course generations display widespread differences. Significantly greater heterogeneity among the cetuximab resistant single cell clones in both expression and methylation profiles (Supplemental Figure 4 and 5, respectively) and cellular morphology (Supplemental Figure 9) . Figure 5A and 5B demonstrate that higher heterogeneity among single cell clones is also observed in the epigenetically regulated PatternMarker genes from the CoGAPS analysis that are shown in Figure 4D . Further
CoGAPS analysis combining DNA methylation data from the time course with DNA methylation data from the single cell clones also reflect the increased heterogeneity of the stable cetuximab resistant clones relative to the time course (Supplemental Figure 7) . These results suggest that different mechanisms of resistance may arise in the same HNSCC cell line. Therefore, we hypothesize that epigenetically regulated genes shared along the time course patterns and resistant single cell clones may implicate common mechanisms acquired during evolution of the stable resistance phenotype.
Nine of the epigenetically regulated pattern marker genes associated with resistance from Figure 4D also have significantly anti-correlated gene expression and DNA methylation in the stable cetuximab resistant clones (Supplemental Figure 8) . Of these, only FGFR1 was demethylated and reexpressed in a cetuximab resistant clone relative to the parental SCC25 cell line (Figure 4A-C) . This finding is consistent with previous studies that associate differential expression of FGFR1 with resistance to EGFR inhibitors, including cetuximab, in different tumor types in vitro and in vivo [27] [28] [29] . In this analysis, epigenetic regulation of gene expression for FGFR1 occurs in only one of the resistant clones (CTXR10). This clone is among the fastest growing under cetuximab treatment (Supplemental Figure 6) , suggesting that the pooled data from the time course captures clonal outgrowth of a cetuximab resistant clone with similar molecular features (FGFR1 demethylation) to CTXR10.
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Nonetheless, this finding in combination with the data from TCGA support our findings that in resistance to cetuximab, the non-responder phenotype is accompanied by loss of EGFR expression and FGFR1 gain as a result of promoter demethylation.
DISCUSSION
Here we present a novel time course experimental and bioinformatics approach for the study of molecular alterations during the development of acquired cetuximab resistance in HNSCC in vitro. By collecting cells over experimentally equivalent cultures (cetuximab and PBS control generations), we could measure changes in proliferation and multiple genomics data platforms as resistance developed. We applied this approach to the intrinsic cetuximab sensitive cell line SCC25 to track the molecular progression in acquired cetuximab resistance. Numerous time course genomics studies of short-term therapeutic response have been performed peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/136564 doi: bioRxiv preprint first posted online May. 10, 2017; in the literature 24, 30, 31 . To our knowledge, this study is the first to collect time course multi-platform genomics data during the acquisition of acquired targeted therapeutic resistance.
In addition to acquiring time course genomics data, establishing the molecular changes associated with acquired cetuximab resistant requires robust time-course bioinformatics analysis that can account for multiple experimental conditions. Based upon previous performance in inferring dynamic regulatory networks for targeted therapeutics 31 However, the smooth and widespread changes in DNA methylation make that explanation unlikely. Moreover, there was a weak association between genes in the acquired resistance patterns in DNA methylation and gene expression. Therefore, we hypothesize instead that the changes in DNA methylation create irreversible phenotypic changes that induce stable resistance to cetuximab.
The timing delays between alterations in DNA methylation and gene expression pose a further computational challenge for integrated, time course genomics analyses. The vast majority of integrated analysis algorithms assume one-to-one mapping of genes in different data platforms or seek common patterns or latent variables across them 32 . These approaches would fail to capture the early changes from cetuximab treatment that impact only gene expression, time delays between DNA methylation and gene expression patterns, and peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
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Our time course approach allowed us to follow the progression of DNA methylation changes at the different points of cetuximab treatment. We found that for a significant proportion of genes, promoter methylation and mRNA levels are negatively correlated. Among these genes, FGFR1 presented with loss of CpG methylation accompanied by increase in gene expression. FGFR1 is a receptor tyrosine kinase that regulates downstream pathways, such as PI3K/Akt, and Ras/MAPK, that are also regulated by EGFR 33 . Its over-expression has previously been associated with EGFR inhibitors resistance [27] [28] [29] . To our knowledge this is the first study showing epigenetic regulation of FGFR1 in HNSCC and the association of that epigenetic regulation with acquired cetuximab resistance. In this case, FGFR1 induction through promoter demethylation in concordance with down regulation of EGFR appears to be the dominant mechanism and the time course analysis enables us to see the clonal outgrowth of this one particular mechanism. These results are also relevant for further translational studies into the role of FGFR1 as a potential biomarker of acquired cetuximab resistance and potential target to overcome that resistance. FGFR1 is a potential target for combined targeted therapy with EGFR, and inhibitors against this target are already the focus of clinical trials 33 . DNA methylation of FGFR1 must also be considered when evaluating its utility as a biomarker in HNSCC in future studies.
We recognize that a limitation of the current study is the use of only one cell line model to induce resistance and collect the time course data for gene expression and epigenetics analysis. However, we had to take into consideration the broad cross-platform profiling to identify the patterns associated with acquired resistance.
Since here we do not perform only initial and end time point analysis, multiple data points in the analysis had to be accounted for when determining the number of cell models to be included. Even using only one in vitro model, we demonstrated that our approach and findings could be generalized to HNSCC patients sample since TCGA 15 and another study 23 data validated our main finding that FGFR1 is up-regulated and demethylated in HNSCC and associated with resistance to cetuximab.
The in vitro protocol for time course sampling developed in this study has the additional advantage of aggregating potentially heterogeneous mechanisms of resistance increasing the signal of changes in any cetuximab resistant subclone. For example, we observe epigenetic regulation of FGFR1 in the pooled cells, but only a single stable clone generated from the same SCC25 cell line in a previous study (CTXR10) had upregulation of FGFR1 12 . This finding suggests that tumor heterogeneity also plays a role in acquired resistance to target therapies and enables different pathways to be used to bypass the silenced target within the same tumor. The heterogeneity in methylation profiles reflects the complexity of the resistance peer-reviewed) is the author/funder. All rights reserved. No reuse allowed without permission.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/136564 doi: bioRxiv preprint first posted online May. 10, 2017; mechanisms that can arise from combination therapies in heterogeneous tumors. Future work extending these protocols to in vivo models is essential to determine the role of the microenvironment in inducing therapeutic resistance. Developing in vivo models with acquired therapeutic resistance presents numerous technical challenges that must first be addressed before such time course sampling is possible 6 . Pinpointing precise molecular predictors of therapeutic resistance will facilitate unprecedented biomarkers and reveal the mechanisms by which to overcome acquired therapeutic resistance to all therapies used to treat cancer.
The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/136564 doi: bioRxiv preprint first posted online May. 10, 2017; 
